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Abstract

DRIVE-DEFENDER presents a pioneering approach in driver safety through the development of a
real-time machine learning system for alcohol detection. The detrimental impact of alcohol-impaired
driving on road safety necessitates efficient detection mechanisms. Current methodologies are often
hindered by their cost, invasiveness, and reliance on specialized sensors. DRIVE-DEFENDER utilizes
a camera for recording the face of the driver in real time, employing image processing techniques to
identify facial landmarks. These landmarks serve as inputs for the calculation of features indicative of
alcohol impairment, such as changes in facial expression and coordination. Machine learning
algorithms, coupled with adaptive thresholding mechanisms, enable accurate detection of alcohol
intoxication without the need for expensive hardware or causing distractions to the driver. The
proposed approach offers a cost-effective, non-intrusive solution for enhancing driving safety in real-
time by promptly identifying and mitigating the risks associated with alcohol-impaired driving.

Keywords: Fatigue, safety of drivers, aspect ratios for the eyes and mouth, head pose estimation,
computer vision, image processing, detection of alcohol consumption, drowsiness detection

INTRODUCTION
In the realm of driver safety, the prevalence of accidents stemming from alcohol impairment and
drowsiness remains a critical concern. The World Health Organization (WHO) estimates that crashes
involving cars and trucks claim the existence of a total of 1.35 million individuals each year., with
alcohol consumption being a significant contributing factor [1, 2]. Additionally, fatigue-related crashes
are estimated to account for a considerable portion of road accidents globally, emphasizing the urgency
for effective drowsiness detection systems [3]. This research article discusses DRIVE-DEFENDER, an
original work on driver safety-oriented system, designed for both alcohol and drowsiness detection.
Leveraging advancements in machine learning and image processing technologies, DRIVE-
DEFENDER offers a real-time solution for identifying signs of impairment and fatigue in drivers. By
utilizing non-invasive methods such as facial
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ascribed to driving while distracted, resulting from driver fatigue, abrupt lane changes, or inadequate
vehicle spacing [4]. It is imperative to utilize emerging technology in order to strategize and develop
systems capable of monitoring drivers and assessing their level of attentiveness whilst driving.
Researchers from throughout the world have developed driver drowsiness detection (DDD) systems to
identify indicators of driver sleepiness in the early stages, since a lot of countries are worried regarding
this matter. Drowsiness detection techniques can be divided into three different categories based on the
measurements, according to the literary works employed to identify indicators of tiredness [1, 5-7]:
applications based on biology, vehicles, and images. Among the first biologically based measurements
under the heading of psychological indicate monitoring are electroencephalograms (EEGs), blood
pressure, electrocardiogram, electrocardiogram, and electrooculogram commands [8, 9, 10]. Sleepiness
in this kind of setup is determined by identifying the message's departure from the characteristics of the
normal status and assessing whether the newly acquired signal accurately reflects fatigue. In the
following category, measures based on machinery rely on multiple sensors that are equipped to measure
different vehicle and street data to track variations in the patterns of vehicle movement. Vehicle-based
technologies look at changes or unusual behavior of the car, such as the wheel's position, acceleration,
or range deviation, to determine the degree of tiredness [11, 12]. The last category consists of visual
measurements, that primarily depend on the driver's face and forehead for signs of tiredness. By
observing the motions of the driver's head and facial features, including their pupils, crests, eyebrows,
and breathing, these gadgets detect when a motorist is sleepy [13—15].

Every one of the three groups has certain restrictions [6, 15]. Biologically oriented methods are able
to detect sleepiness at the earliest phases because of their capacity to detect the continual changes in the
signals generated by the body, nevertheless, for the majority of biological-based structures, the
condition is needed recommended the driver's physique be fitted with conductors. For most drivers, this
arrangement is awkward and undesirable. Additionally, this includes disturbance which degrades the
precision of the message. Car-based technologies are largely dependent on the type of automobile, and
they can be significantly impacted by a number of variables, such as road characteristics, weather, and
the driving skills, expertise, and behaviors of the operator [16—19]. The resolution of the lens used and
how well it adjusts to different lighting circumstances are major factors in the restrictions of based on
pictures solutions. Objects that cover off areas of the confront, including costumes, spectacles may also
affect how accurate graphical DDD methods are. Of all three of these structures, graphical-based
systems are thought to be the least intrusive, least expensive, and least impacted by the state of the
roadways. As a result, visual-based metrics are frequently used to create DDD systems that are
completely lightweight, adjustable, affordable, and instantaneously [5, 12—15, 20-23].

We present a novel based on pictures DDD technique in this work. It takes advantage of a special
mix of traits that computer vision extracts from the driver's visual measurements. Due to their low cost
we decided to use such methods to make our working model which detects if the driver is drowsy and/or
drunk. We accomplish this by mounting a video recorder on top of the panel to watch the motorist's
head. Next, we examine the motorist's facial features, including their mouth and eyebrows. Given that
the lips and eyeballs are among the most visible features on our bodies, they help determine the mental
condition of driver like whether he is sleepy or not. This discovery is important because it could
transform safety for drivers by offering an affordable, non-intrusive means of detecting alcohol
consumption and drowsiness in real-time. By mitigating the risks associated with impaired driving,
DRIVE-DEFENDER has the ability to stop accidents and prevent a great number of deaths while
driving [24-26].

The remainder of the document is structured according to the following format: The most recent
research on the features used in this study is summarized in the second section [27—32]. The third section
explains the process. The outcomes are presented and discussed in the fourth section. The conclusions
and suggestions for future planning are covered in the final part.
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RELATED WORK

Many scholars from around the world have looked at the topic of driver tiredness identification. Based
mostly on the indicators used to indicate sleepiness, the suggested approaches to address the issue can
be distinguished from one another [5, 6]. Organic factors are the drowsiness of the driver indicative
characteristics that are obtained from the body evidence data such as electroencephalogram,
electrocardiogram, and echocardiogram. These characteristics are reliable in detecting fatigue, but they
are awkward for the driver because they require the use of sensors attached to the motorist's body [5, 8,
33, 9, 10]. Other often used fatigue indicative elements are dependent on how the car is driven, and
information like the control wheel angular measurement and the lane departures is connected to the
operator's degree of tiredness. Despite being convenient for the motorist, research indicates that this
tactic's reliability is lacking. The final set of indicators that indicate tiredness depends on images.
Pictures that follow the driver's actions are commonly used to create criteria in order to gather data on
the driver's mouth, head, and retinal movements. Since they do not require the driver to link equipment
or sensors to their body, they are more practical for drivers than biologically based ones. The most
widely used methods for identifying fatigue in drivers are based on image technologies. Several optical
behaviors that tired people exhibit can be recognized by using facial characteristics such as their lips,
pupils, and forehead. Lenses and other visual sensors can capture such sleepy behaviors. Following that,
several characteristics can be identified from this data, and using methods from computer vision, they
process it to visually track the motorist's state of health in hopes of non-intrusively detecting sleepiness.
Generally speaking, there are three categories into which based on imaging technologies can be placed
based on how the head, lips, and eyes move [6, 7]. Studies have made use of several visual elements.
They involve the number of blinks, the longest period during which the eyes may close, the proportion
of closed lids, the angle of view of the pupils, the shape of the lids, the number of times of blinking, the
greatest amount of time the mouth opens, the head position as well the incidence of head smiling, and
the analysis of the movement of the cranium. The concatenation of these characteristics has also been
taken into account [34—41]. We give a thorough description of each feature utilized in our recommended
structure in this subsection. The ocular area provides the most often extracted features utilized based on
pictures methods to assess fatigue. The eye activity rating (EAR) [27, 40, 41] was presented by a number
of academics as a straightforward metric to detect eye movement from facial signals. It is used to
evaluate the level of eye opening. A sudden flash of light is captured when the electroencephalogram
value drops suddenly. A sleepiness detection technique based on the EAR measure was developed by
Maior et al. [27]. Another study that looked at tiredness as an input for a binary SVM (support vector
machine) classifier used the EAR measure. The accuracy of the model's diagnosis of the driver's
tiredness was 96.5%. Since mouth expressions offer helpful characteristics for DDD, they are a good
indicator of sleepiness. The scientists suggested using mouth movement detection to identify yawning
as an indication of drowsiness. They used over one thousand typical photos and a set of twenty yawning
shots in their experiment. The driver's mouth was identified by the system using a cascade classifier on
the face pictures. A SVM classifier was then used to detect yawning and notify the motorist. An 81%
detection rate for yawning was found in the final data. The mouth movement proportion was yet another
characteristic based on lips. Mouth aspect ratio (MAR) is another name for it. According to the design,
the mouth's expanding motion indicates that a person should go to sleep. An SVM classifier was used
to input this feature, and it achieved 97.6% accuracy. Head motions are another important parameter
that can be used to diagnose fatigue in image-based systems because they can indicate drowsiness. As
such, they can be used to extract properties that are useful for machine learning-based sleepiness
identification. These head characteristics include head position as well nodding of the head rate, and
head pointing movement. The area of the forehead was used in reference [31] as a starting point to
ascertain the driver's head's orientation.

Using a manually compressed face textured description, Moujahid et al. [35] developed a visual-
monitoring alertness monitoring technique that captured some of the most noticeable indications of
fatigue. The three indicators of drowsiness—head nodding, frequency of yawning, and blinking rate—
were first quantified. Subsequently, to achieve simplicity, researchers employed picture modeling in
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pyramidal multiple layers with distinctive filtration. They ultimately used a non-linear SVM
classification algorithm, which produced results with a precision of 79.83%.

Four deep learning models are used in the driver vigilance detection framework presented by Dua et
al. [16]. These models are taken from the driver's video materials, which consist of emotions, head,
word, and eye motions, as well as wrist and body movements. The four deep learning models were fed
driving film simulations as input. After the four models' outputs were fed into a SoftMax classifier using
a simple averaging ensemble approach, the overall accuracy was 85%.

PROPOSED METHODOLOGY

In order to recognize if a driver is intoxicated and/or tired we need to first detect a face and then do
analysis on facial features like eyes and lips. Additionally, in “Drinking and Social Transmission: A
Study of the Transmission of Happiness in Parties of Men and Women Drinkers,” we can notice which
intoxicated people tend to smile more often therefore by glancing at the drivers mouth we tell if the
person has been drinking. In order to accomplish this analysis, we make use of dlib 68-point face mask.
After evaluating the driver’s face, we can tell if they are in fit condition in order to drive. We undertook
live analysis by using a webcam positioned in a car. The flowchart of the system can be seen in
Figure 1.

Detecting Sleepiness

A face characteristic that is highly significant is its symmetry. We utilized a one-dimensional
indication having an aspect ratio equal to the image's lengths in order to represent the degree of
symmetry in a digital image. This gave us the number that indicates where the vertical axis of balanced
items is located within the structure [42-45]. The standard method for calculating the signal of
symmetry involves increasing the quantity in the space between both these images by accumulating
matrices for each pair of white photons that are on a single row. The technique is used having a border
image, which we designate as a white dot (the pixel having quantity 1). By applying a set of concepts
to provide an improved computation of the symmetrical face, we make advances on the symmetrical
computation approach into a picture and then apply it to the recognition of faces. The ratio of symmetry
is calculated within two frames (Z1 and Z2) rather than between two white pixels in the image.

Detecting Drowsiness

Detecting drowsiness needs you to detect the driver’s eyes. For that reason, we make use of make
use of dlib’s face feature detection a. The frequency distribution of oriented gradients (HOG) feature,
which is now extensively used, is further combined with a linear classifier, an image pyramid, and
finally a sliding window detection strategy to make this face detector. In Figures 2 and 3, the location
of 68 coordinates (X, y) that map the facial points on an image of a person's face can be seen. The
landmarks are estimated using the pre-trained facial landmark's facial detector using dlib these
landmarks can be seen. The iBUG 300-W dataset was used to train the dlib facial landmark predictor.
It is to be noted that there are various other facial landmark detectors which can be used to detect faces—
such as the 194-point model that can be trained using the HELEN dataset. Regardless of the dataset the
same dlib framework can be used to train a shape predictor on the input data.

Eye Aspect Ratio (EAR)

Six (X, y) dimensions are used to indicate each eye. If you were looking at the individual directly,
you would begin at the leftmost point of the pupil and work your way clockwise round the remaining
area. These coordinates' width and height are related to one another. According to the work of
Soukupova and Cech in their 2016 article, “Real-Time Eye Blink Detection Using Facial Landmarks”
we can create a formula that captures this relation, also known as the eye aspect ratio, which is shown
in Figure 4.
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Figure 2. Facial landmarks.

Figure 3. Facial landmarks in real time.
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Figure 4. Equation for eye aspect ratio (EAR).

EAR =

When an eye is open, the ear is for the most part constant, and if it is closed, it is close to zero. It has
an insensitive head position and is partially human. The open eye's proportion differs slightly between
people but remains entirely unaffected by the picture's homogeneous scaling and the face's in-plane
movement. Because both pupils move simultaneously the average ear response is taken from both of
them. Utilizing this simple formula, we may determine whether someone is blinking without the need
for picture processing and by simply utilizing the percentage of ocular marker ranges as shown in Figure 5.
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Figure 5 shows us the locations of the eyes' markers when they are opened. Pupil locations when the
eye shuts down, the top-right. At the bottom: a temporal plot of the EAR is shown. According to
Soukupova and Cech, (Figure 6), a blink is indicated by the fall in the optical proportion.

Emotion detectors are utilized in many industries, one being the media industry where it is crucial
for the firms to determine the public reaction to their products. The basic emotion detection consists of
evaluating the geometry of one’s facial landmarks. In the event of a smile, the distance between the
corners of the lips grows. However, as different persons have varying mouth widths, one may normalize
this measure by dividing it by the jaw distance and produce a generic ratio that can be utilized with
diverse participants. Once we detect the facial landmarks, we can obtain the coordinates via (landmarks
[0] parts () [i]-x, landmarks[0].parts()[i].y), where i is the index, to calculate this ratio In our basic
detector, as shown in Figures 7 and 8.

0.25
0.2
0.15
0.1
0.05
Figure 5. Eye aspect ratio (EAR) change over time.
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Figure 6. Eye close detected.
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Figure 7. Facial landmarks not detecting a smile.

Figure 8. Facial landmarks detecting a smile.

EXPERIMENTAL RESULTS
The system can detect drowsiness, as shown in Figure 9 and 10, based on image recognition shows that
the drowsiness system can identify signs of tiredness at an early stage. The system has trouble detecting
if the driver is intoxicated or not.

Table 1 shows us different methods of applying image processing to detect drowsiness. These
methods were proposed by various authors across the globe. Here we can see that these methodologies
mainly use the eyes and mouth of driver to detect drowsiness. Table 2 shows the results of the proposed
system when tested in real life. The results show that the system can detect drowsiness well but has
trouble detecting drunkenness of the driver. We can also see that the system has problems when used
under bad lighting conditions.
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Figure 9. The system accurately detects open

eyes.

Figure 10. The system accurately detects closed
eyes.

Table 1. Different methods of drowsiness detection using image processing.

Reference Image-Based Features Description of Methodology
Parameters

39 Eye Rate of blinking The frequency of eye closures within a defined
timeframe.

40 Eye Maximum duration of Identifying the maximum duration of eye closure is

eyes closed crucial, yet delaying detection of prolonged closures
poses risks, especially when indicating drowsiness in
a driver.

41 Eye Percentage of eyelid The duration within a minute when the eye is 80%

closure closed or more.

42 Mouth Yawning frequency The frequency of mouth openings within a defined
timeframe.

43 Head Head pose The driver's head movements, measured by
identifying video segments where there is a
noticeable change in three Euler angles that represent
head poses like: nodding, shaking, and tilting.

44 Face Respiration (using thermal | Facial thermal imaging was used to analyse the

camera) driver's respiration patterns and look for connections
with the driver’s drowsiness levels.

45 Mouth Facial expressions, An architecture that used four distinct deep learning
movements, behavioral characteristics, | models to extract four different types of features
head, or eyes head movements, and from the driver’s face, eyes, and hand movements.

hand movements
Proposed Eye, mouth Eye aspect ratio and Eye aspect ratio (EAR) effectively detects instances of
methodology mouth aspect ratio eye closure. EAR serves as an indicator of the degree
of eye openness. If the eyes are closed, the EAR value
drops to zero, whereas it remains relatively constant
when the eye is not closed.
Table 2. Results of system when tested in real life in different environments.
S.N. | Eyes Alcohol
Good lighting Bad lighting
Actual Predicted | Actual | Predicted | Actual Predicted
1 Open Closed Open Closed Drunk Not drunk
2 Closed Open Open Open Not drunk | Drunk
3 Open Open Closed | Open Drunk Drunk
4 Closed Closed Closed | Open Not drunk | Drunk
5 Open Open Open Open Drunk Not drunk
© STM Journals 2024. All Rights Reserved 23
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CONCLUSION

A real-time drinking and drowsiness system is presented. We showed different facial features that
one needs to look at to determine whether the motorist is fit to drive on their own. This system can
accurately tell if the driver is drowsy but cannot guarantee if the driver is intoxicated by just looking
at their face. Since it does so by seeing if they are smiling or not, which may not accurately correlate
with their blood alcohol level all the time. The system can be improved if one uses alcohol sensors in
the car, like mg3 sensors to determine the alcohol content present in the car or by measuring the
person’s pulse, temperature and other measurements using detectors mounted on the driving column.
These results of alcohol detection will improve if these methods are used. However, these require
additional hardware whereas if one must make a judgement on a driver’s level of intoxication by using
a camera only, the proposed method will suffice.

REFERENCES

1. Pratama BG, Ardiyanto I, Adji TB. A review on driver drowsiness based on image, bio-signal, and
driver behavior. In: 3rd International Conference on Science and Technology-Computer (ICST).
IEEE Publications; 2017. pp. 70-75. doi: 10.1109/ICSTC.2017.8011855.

2. Mondal A, Kaushal M, Chakraborty S. Sense as you go: A context-aware adaptive sensing
framework for on-road driver profiling. In: Proceedings of the 10th ACM International Conference
on Systems for Energy-Efficient Buildings, Cities, and Transportation. 2023. pp. 89-98. doi:
10.1145/3600100.3623734.

3. Tefft BC, AAA Foundation for Traffic Safety. Asleep At the Wheel: The Prevalence and Impact of
Drowsy Driving. AAA Foundation for Traffic Safety: Washington, DC, USA; 2010.

4. Al Amir S. Road accidents in UAE caused 381 deaths last year. [Online]. National News. Available
at https://www.thenationalnews.com [Accessed December 10, 2022].

5. Albadawi Y, Takruri M, Awad M. A review of recent developments in driver drowsiness detection
systems. Sensors. 2022; 22 (5): 2069.

6. Ramzan M, Khan HU, Awan SM, Ismail A, Ilyas M, Mahmood A. A survey of state-of-the-art
sleepiness detection techniques. [IEEE Access. 2019; 7: 61904-61919.

7. Sikander G, Anwar S. Driver tiredness detection systems: a review. IEEE Trans Intell Transport
Syst. 2018; 20: 2339-2352.

8. Sahayadhas A, Sundaraj K, Murugappan M, Palaniappan R. Physiological signal based detection
of driver hypovigilance using higher order spectra. Expert Syst Appl. 2015; 42 (22): 8669—8677.

9. Kaur R, Singh K. Drowsiness detection based on EEG signal analysis utilising EMD and trained
neural network. Int J Sci Res. 2013; 10: 157-161.

10. Kundinger T, Sofra N, Riener A. Assessment of the potential of wrist-worn wearable sensors for
driver drowsiness detection. Sensors. 2020;20:1029. doi: 10.3390/s20041029.

11. McDonald AD, Schwarz C, Lee JD, Brown TL. Real-time detection of drowsiness related lane
departures using steering wheel angle. In: Proceedings of the Human Factors and Ergonomics
Society Annual Meeting. SAGE: CA, USA; 2012. SAGE: CA, USA. pp. 2201-2205. doi:
10.1177/1071181312561464.

12. Ma J, Murphey YL, Zhao H. Real time sleepiness detection based on lateral distance utilising
wavelet transform and neural network. In: Proceedings of the 2015 IEEE Symposium Series on
Computational Intelligence, Cape Town, South Africa, December 7-10, 2015. pp. 411-418.

13. Kiashari SEH, Nahvi A, Bakhoda H, Homayounfard A, Tashakori M. Evaluation of driver
drowsiness using respiration analysis by thermal imaging on a driving simulator. Multimed. Tools
Appl. 2020; 79: 17793-17815.

14. Bamidele AA, Kamardin K, Syazarin N, Mohd S, Shafi I, Azizan A, Aini N, Mad H. Non-intrusive
driver drowsiness detection based on face and eye tracking. Int J Adv Comput Sci Appl. 2019;10.
doi: 10.14569/1JACSA.2019.0100775.

15. Khunpisuth O, Chotchinasri T, Koschakosai V, Hnoohom N. Driver drowsiness detection using
eye-closeness detection. In: 12th International Conference on Signal-Image Technology & Internet-
Based Systems (SITIS). IEEE Publications; 2016. pp. 661-668. doi: 10.1109/SITIS.2016.110.

© STM Journals 2024. All Rights Reserved 24



Journal of Open Source Developments
Volume 10, Issue 3
ISSN: 2395-6704

16.

17.

18.
19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

Dwivedi K, Biswaranjan K, Sethi A. Drowsy driver detection using representation learning. In:
IEEE international advance computing conference (IACC). IEEE Publications; 2014. pp. 995-999.
doi: 10.1109/IAdCC.2014.6779459.

Dua M, Singla R, Raj S, Jangra A, Shakshi. Deep CNN models-based ensemble method to driver
sleepiness detection. Neural Comput Appl. 2021; 33: 3155-3168.

King DE. Dlib-ml: a machine learning toolkit. J Mach Learn Res. 2009; 10: 1755-1758.
Soukupova T, Cech J. Eye Blink Detection Using Facial Landmarks, Vol. 2. Slovenia: Rimske
Toplice, Sierra Leone, p. In21st. Computer Vision Winter Workshop. 2016.

Triyanti V, Iridiastadi H. Challenges in identifying tiredness based on driver’s conduct. [OP Conf
Ser Mater Sci Eng. 2017; 277: 012042.

Knapik M, Cyganek B. Driver’s tiredness identification based on yawn detection in thermal
pictures. Neurocomputing. 2019; 338: 274-292.

Tayab Khan M, Anwar H, Ullah F, Ur Rehman A, Ullah R, Igbal A, Lee BH, Kwak KS. Smart real-
time video surveillance platform for drowsiness detection based on eyelid closure. Wireless
Commun Mob Comput. 2019;2019:2036818. doi: 10.1155/2019/2036818.

Lin ST, Tan YY, Chua PY, Tey LK, Ang CH. Perclos threshold for sleepiness detection during
actual driving. J Vis. 2012; 12: 546.

Bamidele A, Kamardin K, Syazarin N, Mohd S, Shafi I, Azizan A, Aini N, Mad H. Non-intrusive
driver drowsiness detection based on face and eye tracking. Int J] Adv Comput Sci Appl. 2019; 10:
549-569. doi: 10.14569/1JACSA.2019.0100775.

Bamidele A, Kamardin K., Syazarin N., Mohd S., Shafi I., Azizan A., Aini N., Mad H. Non-
intrusive driver drowsiness detection based on face and eye tracking. Int J. Adv. Comput. Sci. Appl.
2019; 10: 549-569.

Lin ST, Tan YY, Chua PY, Tey LK, Ang CH. Perclos threshold for drowsiness detection during
real driving. J Vis. 2012;12:546. doi: 10.1167/12.9.546.

Maior CBS, Moura MIJIC, Santana JMM, Lins ID. Real-time classification for autonomous
drowsiness detection using eye aspect ratio. Expert Syst Appl. 2020;158:113505. doi:
10.1016/j.eswa.2020.113505.

Al Redhaei A, Albadawi Y, Mohamed S, Alnoman A. Realtime driver drowsiness detection using
machine learning. In: Advances in Science and Engineering Technology International Conferences
(ASET) (2022 21 Feb). IEEE  Publications; 2022. pp- 1-6. doi:
10.1109/ASET53988.2022.9734801.

Prasath N, Sreemathy J, Vigneshwaran P. Driver Drowsiness Detection Using Machine Learning
Algorithm. 2022. pp. 1-5. doi: 10.1109/ICACCS54159.2022.9785167.

Saradadevi M, Bajaj P. Driver tiredness identification utilising mouth and yawning analysis. Int J
Comput Sci Netw Secur. 2008; 8: 183—188.

Sahayadhas A, Sundaraj K, Murugappan M. Detecting driver sleepiness based on sensors: a review.
Sensors. 2012; 12, 16937-16953.

Ngxande M, Tapamo JR, Burke M. Driver Drowsiness Detection Using Behavioral Measures and
Machine Learning Techniques: A Review of State-of-Art Techniques. In: 2017 Pattern Recognition
Association of South Africa and Robotics and Mechatronics (PRASA-RobMech). 2017. pp.
156-161.

Khushaba RN, Kodagoda S, Lal S, Dissanayake G. Driver drowsiness categorization utilising fuzzy
wavelet-packet-based feature-extraction technique. IEEE Trans Biomed.Eng. 2010; 58: 121-131.
Rosebrock A. Eye Blink Detection with OpenCV, Python, and Dlib. Blog in Pyimagesearch. 2017.
Moujahid A, Dornaika F, Arganda-Carreras I, Reta J. Efficient and compact face descriptor for
driver drowsiness detection. Expert Syst Appl. 2021;168:114334. doi:
10.1016/j.eswa.2020.114334.

Sri Mounika T, Phanindra P, Sai Charan N, Kranthi Kumar Reddy Y, Govindu S. Driver drowsiness
detection using eye aspect ratio (EAR), mouth aspect ratio (MAR), and driver distraction using
head pose estimation. In: Tuba M, Akashe S, Joshi A, editors. ICT Systems and Sustainability.
Heidelberg, Germany: Springer; 2022. pp. 619-627.

© STM Journals 2024. All Rights Reserved 25



DRIVE- DEFENDER Puli et al.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Celecia A, Figueiredo K, Vellasco M, Gonzalez R. A portable fuzzy driver drowsiness estimation
system. Sensors. 2020; 20: 4093.

Popieul JC, Simon P, Loslever P. Using driver’s head motions evolution as a drowsiness indicator
In: IEEE 1V2003 Intelligent Vehicles Symposium, , Columbus, OH, USA, June 9-11, 2003. pp.
616-621.

Coetzer R, Hancke G. Driver fatigue detection: a survey. In: Presentations of the AFRICON 2009,
Nairobi, Kenya, September 23-25, 2009. pp. 1-6.

Liu W, Qian J, Yao Z, Jiao X, Pan J. Convolutional two-stream network employing multi-facial
feature fusion for driver fatigue detection. Future Internet. 2019; 11: 115.

Soukupova T, Cech J. Real-time eye blink detection using facial landmarks. In: Proceedings of the
21st Computer Vision Winter Workshop, Rimske Toplice, Slovenia, February 3-5, 2016. pp. 1-8.
Moujahid A, Dornaika F, Arganda-Carreras |, Reta J. Efficient and compact face descriptor for
driver  drowsiness  detection. Expert Syst Appl. 2021; 168: 114334. doi:
10.1016/j.eswa.2020.114334

Popieul JC, Simon P, Loslever P. Using driver’s head movements evolution as a drowsiness
indicator. In: Proceedings (cat. no. 03TH8683) IEEE 12003 intelligent vehicles symposium. IEEE
Publications; 2003. pp. 616-621. doi: 10.1109/1VVS.2003.1212983.

Kiashari SEH, Nahvi A, Bakhoda H, Homayounfard A, Tashakori M. Evaluation of driver
drowsiness using respiration analysis by thermal imaging on a driving simulator. Multimed. Tools
Appl. 2020; 79: 17793-17815.

Dua M, Singla R, Raj S, Jangra A. Deep CNN models-based ensemble approach to driver
drowsiness detection. Neural Comput Appl. 2021; 33: 3155-3168.

© STM Journals 2024. All Rights Reserved 26



